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ABSTRACT

This paperdescribesthe CambridgeUniversity HTK (CU-HTK)
systemdevelopedfor the NIST March 2000evaluationof English
conversationaltelephonespeechtranscription(Hub5E).A rangeof
new featureshave beenaddedto theHTK systemusedin the1998
Hub5evaluation,andthechangestakentogetherhave resultedin an
11%relative decreasein word errorrateon the1998evaluationtest
set. Major changesinclude the useof maximummutual informa-
tion estimationin trainingaswell asconventionalmaximumlikeli-
hoodestimation;theuseof a full variancetransformfor adaptation;
theinclusionof unigrampronunciationprobabilities;andword-level
posteriorprobabilityestimationusingconfusionnetworksfor usein
minimumworderrorratedecoding,confidencescoreestimationand
systemcombination. On the March 2000Hub5 evaluationset the
CU-HTK systemgave an overall word error rateof 25.4%,which
wasthebestperformanceby a statisticallysignificantmargin. This
paperdescribesthenew systemfeaturesandgivestheresultsof each
processingstagefor boththe1998and2000evaluationsets.

1 INTRODUCTION

The transcriptionof conversationaltelephonespeechis oneof the
mostchallengingtasksfor speechrecognitiontechnologywith state-
of-the-artsystemsyieldinghighworderrorrates.Theprimaryfocus
for researchanddevelopmentof suchsystemsfor US Englishhas
beenthe Switchboard/CallHome English corporaalong with the
regularNIST “Hub5” evaluations.TheCambridgeUniversityHTK
(CU-HTK) Hub5 systemhas beendevelopedover several years.
This paperdescribeschangesto the September1998Hub5 evalu-
ationsystem[6] madewhile developingtheMarch2000system.

Major systemchangesinclude the use of HMMs trained us-
ing maximummutualinformationestimation(MMIE) in additionto
standardmaximumlikelihoodestimation(MLE); theuseof pronun-
ciation probabilities;improved speaker/channeladaptationusinga
globalfull variancetransform;soft-tyingof statesfor theMLE based
acousticmodels;and the useof confusionnetworks for minimum
word error ratedecoding,confidencescoreestimationandsystem
combination.All of thesefeaturesmadea significantcontribution
to theword errorrateimprovementsof thecompletesystem.In ad-
dition, severalminorchangeshave beenmadeandtheseincludethe
useof additionaltraining dataandrevised transcriptions;acoustic
dataweighting;andanincreasedvocabulary size.

Therestof thepaperis arrangedasfollows. First anoverview
of the1998HTK systemis given. This is followedby a description
of the datasetsusedin the experimentsand thenby sectionsthat
discusseachof the major new featuresof the system. Finally the
completeMarch2000evaluationsystemis describedandtheresults
of eachstageof processingpresented.

2 OVERVIEW OF 1998 HTK SYSTEM

The HTK systemusedin the 1998Hub5 evaluationserved as the
basisfor development.In thissectionashortoverview of its features
is given(see [6] for details).

The systemusesperceptuallinear prediction cepstralcoeffi-
cientsderived from a mel-scalefilterbank(MF-PLP) [18] covering
the frequency rangefrom 125Hz to 3.8kHz. A total of 13 coeffi-
cients,including ��� , andtheirfirst andsecondorderderivativeswere
used.Cepstralmeansubtractionandvariancenormalisationareper-
formedfor eachconversationside.Vocal tract lengthnormalisation
(VTLN) wasappliedin bothtrainingandtest.

The acousticmodelling used cross-word triphone and quin-
phonehiddenMarkov models(HMMs) trainedusingconventional
maximumlikelihoodestimation.Decisiontreestateclustering[20]
wasusedto selecta setof context-dependentequivalenceclasses.
Mixture Gaussiandistributionsfor eachtied statewerethentrained
usingsentence-level Baum-Welch estimationanditerative mixture
splitting [20]. After genderindependent(GI) modelshad been
trained,a final training iterationusinggender-specifictrainingdata
andupdatingonly the meansandmixture weightswasperformed
to estimategenderdependent(GD) modelsets.The triphonemod-
els werephonepositionindependent,while the quinphonemodels
includedquestionsaboutwordboundariesaswell as ��� phonecon-
text. TheHMMs weretrainedon 180hoursof Hub5trainingdata.

The systemuseda 27k vocabulary that coveredall words in
theacoustictrainingdata.Thecoreof thepronunciationdictionary
wasbasedon the1993LIMSI WSJlexicon, but useda largenum-
ber of additionsalongwith variouschanges.The systemusedN-
gramword-level languagemodels.Thesewereconstructedby train-
ing separatemodelsfor transcriptionsof theHub5acoustictraining
dataand for BroadcastNews dataand then merging the resultant
languagemodelsto effectively interpolatethecomponentN-grams.
Theword-level 4-gramsusedweresmoothedwith a class-basedtri-
grammodelusingautomaticallyderivedclasses[12].

Thedecodingwasperformedin stageswith successively more
complex acousticandlanguagemodelbeingappliedin laterstages.
Initial passeswere usedfor test-datawarp factor selection,gen-
der determinationand finding an initial word string for unsuper-
vised mean and variancemaximum likelihood linear regression
(MLLR) adaptation[8, 3]. Word-level latticeswere then created
usingadaptedtriphoneHMMs anda bigrammodelwhich wereex-
pandedto includedthe full 4-gramand classmodel probabilities.
Iterative MLLR [17] wasthenappliedusingquinphonemodelsand
confidencescoresestimatedusinganN-besthomogeneitymeasure
for both the triphoneandquinphoneoutput. The final stagecom-
binedthesetwo transcriptionsusingtheROVER program[2]. The
systemgave a 39.5%word error rateon theSeptember1998evalu-
ationdata.



3 TRAINING AND TEST DATA

TheHub5acoustictrainingdatais from two corpora:Switchboard-
1 (Swb1) and Call Home English (CHE). The 180 hour training
setusedfor training the1998HTK systemusedvarioussourcesof
Swbd1transcriptionsandturn-level segmentations.For the March
2000systemwe took advantageof the January2000releasefrom
MississippiStateUniversity (MSU) of Swbd1transcriptionswhich
shouldprovide greateraccuracy andconsistency. We madea num-
ber of changesto thesemanualcorrectionsandalsoautomatically
removedmorethan30 hoursof silencedataat segmentboundaries.
An importantfeatureof the MSU transcriptsis the full-word tran-
scriptionof falsestartsandmispronunciations.In orderto make use
of the extendedtranscriptsa dictionaryof falsestartsandmispro-
nunciationswascreatedfor useduringtraining.

Threedifferenttrainingsetswereusedduringthecourseof de-
velopment:the18hourMinitrain setdefinedby BBN whichgivesa
fastturnaround;thefull 265hourtrainingset(h5train00)for thethe
March2000systemandasubsetof h5train00denotedh5train00sub.
Thesizesof the trainingsetsaregiven in Table1 togetherwith the
numberof conversationsidesthateachincludes.Theh5train00sub
setwaschosento includeall the speakersfrom Swb1in h5train00
aswell asa subsetof theavailableCHE sides.

Training Total ConversationSides
Set Time (hrs) Swb1 CHE

Minitrain 18 398 –
h5train00sub 68 862 92

h5train00 265 4482 235

Table1: Hub5trainingsetsused.

The developmenttest setsusedwere the subsetof the 1997
Hub5 evaluationsetusedin [6], eval97sub,containing10 conver-
sationsidesof Switchboard-2(Swb2)dataand10 of CHE; andthe
1998evaluationdataset,eval98, containing40 sidesof Swb2and
40 CHE sides(in total about3 hoursof data). Furthermoreresults
aregivenfor theMarch2000evaluationdataset,eval00,which has
40sidesof Swb1and40CHEsides.

Training ClusteredStates/ % WordError Rate
Set GaussiansperState Swbd2 CHE Total

Minitrain 3088/ 12 43.7 57.7 50.6
h5train00sub 6165/ 12 38.7 53.5 46.0

h5train00 6165/ 16 36.4 52.5 44.4

Table 2: % WER on eval97subusing VTLN, GI, MLE triphone
modelsanda trigramlanguagemodel,differenttrainingsetsizes.

Basicgenderindependent,cross-word triphoneversionsof the
system,with no adaptation,wereconstructedfor eachtraining set
size. Table2 shows the numberof clusteredspeechstatesandthe
numberof Gaussiansperstatefor eachof thesesystemsaswell as
word error rateson eval97sub. An initial 3.5-fold increasein the
amountof trainingdataresultsin a4.6%absolutereductionin word
errorrate(WER).However someof this largegaincanbeattributed
to thecarefulselectionof theh5train00subsetto have a goodcov-
erageof the full training material. A further approximately3-fold
increasein the amountof training dataonly bringsa further 1.6%
absolutereductionin WER.

4 MMIE TRAINING

The model parametersin HMM basedspeechrecognition sys-
temsare normally estimatedusing Maximum Likelihood Estima-
tion (MLE). During MLE training, modelparametersareadjusted
to increasethe likelihoodof the word stringscorrespondingto the
trainingutteranceswithouttakingaccountof theprobabilityof other
possibleword strings. In contrastto MLE, discriminative train-
ing schemes,such as Maximum Mutual Information Estimation
(MMIE) take accountof possiblecompetingword hypothesesand
try to reducetheprobabilityof incorrecthypotheses.Theobjective
function to maximisein MMIE is the posteriorprobability of the
trueword transcriptionsgiventhetrainingdata.

For � training observation sequences	�
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with correspondingtranscriptions	������ , theMMIE objective func-
tion is givenby
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where 6@7 is the compositemodelcorrespondingto the word se-
quence� and

:
" � & is theprobabilityof thissequenceasdetermined
by thelanguagemodel.Thesummationin thedenominatorof (1) is
takenover all possibleword sequences

?� allowedin thetaskandit
canbereplacedby

132 " 
��A4 68B�C%D &#( ) =7
132 " 
��A4 6 =7 &;:
"'?� & (2)

where6@B�C%D encodesthefull recognitionacoustic/languagemodel.
Normallythedenominatorof (1) requiresafull recognitionpass

to evaluateon eachiterationof training. However asdiscussedin
[16] this canbeapproximatedby usinga word latticewhich is gen-
eratedonceto constrainthenumberof word sequencesconsidered.
This lattice-basedframework can be usedto generatethe neces-
sarystatisticsto applytheExtended-BaumWelch(EBW) algorithm
[5, 13, 16] to iteratively updatethemodelparameters.Thestatistics
requiredfor EBW can be gatheredby performingfor eachtrain-
ing utterancea forward-backward passon the lattice correspond-
ing to the numeratorof (1) (i.e. the correcttranscription)andon
the recognitionlattice for the denominatorof (1). The implemen-
tation we have usedis ratherdifferent to the onein [16] anddoes
a full forward-backward passconstrainedby (a margin around)the
phoneboundarytimesthat make up eachlattice arc. Furthermore
thesmoothingconstantin theEBW equationsis computedonaper-
Gaussianbasisfor fastconvergenceanda novel weightupdatefor-
mulationused. The computationalmethodsthat we have adopted
for Hub5MMIE trainingarediscussedin detailin [19].

WhileMMIE isveryeffectiveatreducingtrainingseterrorakey
issueis generalisationto testdata.It is very importantthatthecon-
fusabledatageneratedduring training (asfound from theposterior
distribution of stateoccupancy for the recognitionlattice) is repre-
sentative to ensuregoodgeneralisation.If theposteriordistribution
is broadened,thengeneralisationperformancecanbeimproved.For
this work, two methodswereinvestigated:theuseof acousticscal-
ing anda weakenedlanguagemodel.

Normally the languagemodel probability and the acoustic
modellikelihoodsarecombinedby scalingthelanguagemodellog
probabilities.This situationleadsto a very largedynamicrangein
thecombinedlikelihoodsanda very sharpposteriordistribution in
thedenominatorof (1). An alternative is to scaledown theacoustic
modellog likelihoodsandasshown in [19] thisacousticscalingaids



generalisationperformance.Furthermore,it is importantto enhance
thediscriminationof theacousticmodelswithout overly relying on
the languagemodel to resolve difficulties. Thereforeassuggested
in [15] a unigramlanguagemodelwasusedduringMMIE training
whichalsoimprovesgeneralisationperformance[19].

Experimentsreportedin [19] show that MMIE is effective for
a rangeof training setsizesandmodeltypes. Table3 shows word
errorratesusingtriphoneHMMs trainedonh5train00.Theseexper-
imentsrequiredthe generationof numeratoranddenominatorlat-
ticesfor eachof the 267,611training segments. It was found that
two iterationsof MMIE re-estimationgave the besttest-setperfor-
mance[19]. Comparingthelinesin Table3 show that,without data
weighting, the overall error rate reductionfrom MMIE training is
2.6%absoluteoneval97suband2.7%absoluteoneval98.

eval97sub eval98
Iteration Swbd2 CHE Total Swbd2 CHE Total

MLE 36.4 52.5 44.4 42.6 48.6 45.6
MLE/w 35.7 51.8 43.7 42.5 47.7 45.1

1 34.2 50.7 42.4 40.9 46.5 43.7
1/w 34.0 50.2 42.0 40.7 46.2 43.5
2 33.6 50.1 41.8 40.3 45.4 42.9

2/w 33.8 50.0 41.9 40.3 45.1 42.7

Table3: %WERon eval97subandeval98usingVTLN GI triphone
modelsanda trigramlanguagemodel.(w) denotesdataweighting.

Thetablealsoshowstheeffectof giving afactorof threeweight-
ing to the CHE training data.� This reducedthe error ratefor the
MLE modelsby 0.5%to 0.7%absolute,but hasamuchsmallerben-
eficial effect for MMIE trainedmodels. This is probablybecause
while MLE training gives equalweight to all training utterances,
MMIE trainingeffectively givesgreaterweightto thosetrainingset
utteranceswith low sentenceposteriorprobabilitiesfor the correct
utterance.

MMIE was also usedto train quinphoneHMMs. The gain
from MMIE training for quinphoneHMMs was 1.9% absolute
on eval97subfrom a quinphoneMLE systemusing acousticdata
weighting. As shown in [19] the gainsfrom MLLR adaptationare
asgreatfor MMIE modelsasfor MLE trainedmodels. Hencethe
primaryacousticmodelsusedin theMarch2000CU-HTK evalua-
tion systemusedgender-independentMMIE trainedHMMs.

5 SOFT-TYING

Soft tying of states[10] allows Gaussiansfrom a particularstate,
correspondingto a decisiontreeleaf node,to bealsousedin other
mixture distributions with similar acoustics. Previously, using an
implementationfrom JHU,thetechniquewasinvestigatedusingvar-
ious training setsizesand levels of modelcomplexity [7]. It was
found that while consistentimprovementswere obtained,the im-
provementin WER wasreducedwhenfeaturessuchasVTLN and
MLLR adaptationwereincludedin thesystem.

For theMarch2000system,a revisedandsomewhatsimplified
implementationof soft-tying was investigated.For a given model
seta singleGaussianperstateversionwascreated.For eachspeech
statein thesingleGaussiansystem,thenearesttwo otherstateswere� The test set is balancedacrossSwitchboardand Call Home databut
the trainingsetisn’t andsodataweightingattemptsto partially correctthis
imbalance.

foundusinga log-overlapdistancemetric[14], whichcalculatesthe
distancebetweentwo Gaussiansas the areaof overlapof the two
probability densityfunctions. All of themixture componentsfrom
the two neareststatesandthe original stateof the original mixture
GaussianHMM arethenusedin a mixturedistribution for thestate.
Thusthe completesoft-tiedsystemhasthe samenumberof Gaus-
siansastheoriginalsystemandthreetimesasmany mixtureweights
perstate.After this revisedstructurehasbeencreatedall systempa-
rametersarere-estimated.This approachallows theconstructionof
both soft-tiedtriphoneandquinphonesystemsin a straightforward
manner.

System Triphones Quinphones
Type Swbd2 CHE Total Swbd2 CHE Total

GI 42.5 47.7 45.1 42.1 47.3 44.7
ST/GI 42.1 47.4 44.8 41.5 46.9 44.2
ST/GD 41.4 47.0 44.2 41.0 46.1 43.6

ST/GD/PP 40.1 45.5 42.8 39.2 44.6 41.9

Table4: WER on eval98usingVTLN GI triphone/quinphonemod-
els trainedon h5train00(3x CHE) anda trigram LM. ST denotes
soft-tiedmodelsandPPtheuseof pronunciationprobabilities.

Theresultsof usingsoft-tied(ST) triphoneandquinphonesys-
temsoneval98is shown in Table4 whendataweightingis used.E

Thereis a reductionin WERof 0.3%absolutefor triphonesand
0.5% for quinphonesand a further 0.6% absolutefrom usingGD
models. So far, soft-tying hasonly beenusedwith MLE training,
althoughthetechniquecouldalsobeappliedto MMIE trainedmod-
els.

6 PRONUNCIATION PROBABILITIES

The pronunciationdictionaryusedin this taskcontainson average
1.1 to 1.2 pronunciationsper word. Unigrampronunciationprob-
abilities, that is the probability of a certainpronunciationvariant
for a particularword, wereestimatedbasedon analignmentof the
training data. If words were not seenin the training dataa uni-
form distribution over all pronunciationvariantsis assumed.How-
ever, this straight-forward implementationonly broughtmoderate
improvementsin WER.

The dictionariesin the HTK systemexplicitly containsilence
modelsas part of a pronunciation. Experimentswith or without
inclusionof silenceinto the probability estimateswereconducted
[7]. Themostsuccessfulschemeusedthreeseparatedictionaryen-
tries for eachreal pronunciationwhich differed by the word-end
silencetype: a no silenceversion; addinga short pausepreserv-
ing cross-word context; anda generalsilencemodelalteringcon-
text. The unigram“pronunciation”probability is found separately
for eachof theseentriesandthedistributionsaresmoothedwith the
overall silencedistributions. Finally all dictionaryprobabilitiesare
renormalisedsothat thepronunciationfor eachword which hasthe
highestprobability is setto one. During recognitionthe (log) pro-
nunciationprobabilitiesarescaledby thesamefactorasusedfor the
languagemodel.

Table4 shows thattheuseof pronunciationprobabilitiesgivesa
reductionin WERof 1.4-1.7%absoluteoneval98.Onothertestsets
improvementsgreaterthan1%absolutehavealsobeenobtainedand

E Wehave foundthattheuseof acousticdataweightingreducesthebene-
ficial effect of soft-tying.



sizeof thegainsis foundto befairly independentof thecomplexity
of theunderlyingsystem.

7 FULL VARIANCE TRANSFORMS

A side-dependentblock-full variance(FV) transformation[4], F ,
of the form

?GH( F G FJI was investigated. This can be viewed
as the useof a speaker-dependentglobal semi-tiedblock-full co-
variancematrixandcanbeefficiently implementedby transforming
both themeansandthe input data. In our implementation,the full
variancetransformwascomputedafterstandardmeanandvariance
maximumlikelihood linear regression(MLLR). Typically a WER
reductionof 0.5%to 0.8%wasobtained.However asa sideeffect,
we found that therewerereducedbenefitsfrom multiple iterations
of MLLR whenusedwith a full variancetransform.

8 CONFUSION NETWORKS

Confusionnetworksallow estimatesof word posteriorprobabilities
to be obtained. For eachlink in a particular word lattice (from
standarddecoding)a posteriorprobability is estimatedusing the
forward-backward algorithm. The lattice with theseposteriorsis
then transformedinto a linear graph,or confusionnetwork (CN),
usinga link clusteringprocedure[11]. This graphconsistsof a se-
quenceof so called confusionsets,which containcompetingsin-
gle word hypotheseswith associatedposteriorprobabilities.A path
throughthegraphis foundby choosingoneof thealternativesfrom
eachconfusionset. By picking theword with thehighestposterior
from eachset the sentencehypothesiswith the lowest overall ex-
pectedword error ratecanbe found. This hypothesisis generally
moreaccuratethantheonechosenby thenormalViterbi decoding,
whichminimisesthesentence errorrate.

The estimatesof the word posteriorprobabilitiesencodedin
the confusionnetworks can be useddirectly as confidencescores
(which are essentiallyword-level posteriors),but they tend to be
over-estimatesof the true posteriors. This effect is due to the as-
sumptionthat the word lattices representthe relevant part of the
searchspace.While they containthemost-likely paths,a significant
partof the“tail” of theoverall posteriordistribution is missing.To
compensatefor thisa decisiontreewastrainedto maptheestimates
to confidencescores.

Theconfusionnetworkswith theirassociatedwordposteriores-
timateswerealsousedin animprovedsystemcombinationscheme.
Previously the ROVER techniqueintroducedin [2] hadbeenused
to combinethe 1-bestoutputof multiple systems.Confusionnet-
work combination(CNC)canbeseenasageneralisationof ROVER
to confusionnetworks, i.e. it usesthe competingword hypotheses
and their posteriorsencodedin the confusionsetsinsteadof only
consideringthemostlikely word hypothesisedby eachsystem.

A moredetaileddescriptionof theuseof word posteriorproba-
bilities andtheirapplicationto theHub5taskcanbefoundin [1].

9 MARCH 2000 EVALUATION SYSTEM

This sectiongivesan overview of the completesystemasusedin
theMarch2000evaluation.Thesystemoperatesin multiple passes
throughthedata:initial passesareusedto generatewordlatticesand
thentheselatticesarerescoredusingfour differentsetsof adapted
acousticmodels.Thefinal systemoutputcomesfrom combiningthe
confusionnetworksfrom eachof thesere-scoringpasses.While this

architectureresultsin acomplex overall system,thissectionalsore-
portstheresultsof eachof thestages.This allows theperformance
of many systemvariantsat different levels of complexity to be as-
sessed.

9.1 Acoustic Models
TheVTLN acousticmodelsusedin thesystemwereeithertriphones
(6165 speechstates/16Gaussiansper state)or quinphones(9640
states/16Gaussiansper state)trainedon h5train00. More details
on theperformanceof thesemodelswasgivenin previoussections.
It shouldbeemphasisedthat theMMIE modelswereall genderin-
dependentwhile theMLE VTLN modelswereall genderdependent
usingsoft-tying.All theacousticmodelsusedCall Homeweighting.

9.2 Word List & Language Models
The word list wastaken from two sources:the199827k word list
[6] andthemostfrequent50,000wordsoccurringin the204million
wordsof broadcastnews (BN) LM training data. This gave a new
word list with 54,537wordswheremostof thepronunciationswere
alreadyavailablein our broadcastnews (Hub4)dictionary. The54k
wordlist reducedtheout-of-vocabulary (OOV) rateon eval98 from
0.94%to 0.38%.After theMarch2000evaluationit wasfoundthat
usingthe54kdictionarygaveanOOV rateof 0.30%oneval00com-
paredto 0.69%if the27k dictionaryhadbeenused.

Theuseof theMSU Swb1training transcriptionsfor language
modellingpurposesraisedcertainissues.First, theaveragesentence
length was 11.3 words comparedto 9.5 words on the LDC tran-
scriptsthatwe previously used.Thishastheeffect thatLMs trained
on the MSU transcriptshave a higher test-setperplexity which is
mainly dueto the reducedprobability of the sentence-endsymbol.
Sinceit was not known if LDC-style or MSU-style training tran-
scriptswouldbemoreappropriate,bothsetsof datawereusedalong
with the broadcastnews data. Bigram, trigram and 4-gramLMs
were trainedon eachdataset (LDC Hub5, MSU Hub5, BN) and
merged to form an effective 3-way interpolation. Furthermore,as
describedin [6] a class-basedtrigram model using 400 automati-
cally generatedwordclasses[12, 9] wasbuilt to smooththemerged
4-gramlanguagemodelby a further interpolationstepto form the
languagemodelusedin latticerescoring.

9.3 Stages of Processing
Thefirst threepassesthroughthedata(P1–P3)areusedto generate
word lattices.First P1(GI non-VTLN MLE triphones,trigramLM,
27k dictionary),generatedan initial transcription. This P1 passis
identical to the 1998P1 setup[6]. The P1 outputwasusedsolely
for VTLN warp-factor generationand assignmentof a genderla-
bel for eachtestconversationside. All subsequentpassesusedthe
54k dictionaryandVTLN-warpedtestdata. StageP2 usedMMIE
GI triphonesto generatethetranscriptionsfor unsupervisedtest-set
MLLR adaptation[8, 3] with a4-gramLM. A globaltransformK for
themeans(block-diagonal)andvariances(diagonal)wascomputed
for eachside. In stageP3, the actualword latticesweregenerated
usingtheadaptedGI MMIE triphonesandabigramlanguagemodel.
Theselatticeswereexpandedexpandedto containlanguagemodel
probabilitiesgeneratedby theinterpolationof theword 4-gramand
theclasstrigram.

K A “global transform”denotesonetransformfor speechanda separate
transformfor silence.



Subsequentpassesrescoredtheselatticesandoperatedin two
branches:a branchusing GI MMIE trainedmodels(branch“a”)
anda branchusingGD, soft-tied,MLE models(branch“b”). Stage
P4a/P4busedtriphonemodelswith standardglobal MLLR, a FV
transform,pronunciationprobabilitiesand confusionnetwork de-
coding.Theoutputof therespective branchesservedastheadapta-
tion supervisionto stageP5a/P5b. ThesewereasP4a/P4bbut were
basedon quinphoneacousticmodels.Finally for theMMIE branch
only, a passwith two MLLR transformswasrun (P6a). The final
systemwordoutputandconfidencescoreswasfoundby usingCNC
with theconfusionnetworksfrom P4a,P4b,P6aandP5b.

9.4 System Results on Eval98

Table5 givesresultsfor eachprocessingstagefor the1998evalua-
tion set. The largedifference(6.8%absolutein WER) betweenthe
P1 andP2 resultsis dueto the combinedeffectsof VTLN, MMIE
modelson thenew trainingset,the largervocabulary anda 4-gram
LM. MLLR adaptationandthe smoothingfrom a classLM results
in a furtherreductionin WERof 2.5%absolute.Thesecondadapta-
tion stagewhichincludesMLLR andafull variancetransform(FV),
pronunciationprobabilitiesandconfusionnetworkdecodingreduces
theWER by a further2.9%absolute(P4a),which is 0.8%absolute
betterthan the result of the correspondingMLE soft-tied GD tri-
phonemodels(P4b).

Stage Swbd2 CHE Total NCE

P1 47.0 51.6 49.3
P2 40.0 44.9 42.5
P3 37.5 42.4 40.0

P4anoFV/CN 36.2 41.4 38.8
P4anoCN 35.8 40.8 38.3

P4a 34.5 39.6 37.1 0.238
P4bnoFV/CN 37.1 42.2 39.7

P4bnoCN 36.8 41.3 39.0
P4b 35.5 40.3 37.9 0.235

P5anoCN 35.2 39.5 37.4
P5a 33.9 38.4 36.2 0.232

P5bnoCN 35.6 40.7 38.1
P5b 34.5 39.5 37.0 0.229

P6anoCN 34.6 39.2 36.9
P6a 33.6 38.4 36.0 0.224

FINAL/ROVER 32.8 38.0 35.4
FINAL/CNC 32.5 37.4 35.0 0.225

Table 5: % WER andnormalisedcrossentropy (NCE) valueson
eval98for all stagesof theevaluationsystem.Thefinal systemout-
put is a combinationof P4a,P4b,P6aandP5b. “no FV” denotessys-
temoutputwithout full variancetransform.“no CN” denotesstan-
dardoutputratherthanminimumworderrorrateoutput.

Theuseof quinphonemodelsinsteadof triphonemodelsgives
a furthergainof 0.9%for bothbranches.Whereasthesecondadap-
tation stagewith two speechtransformsfor the quinphoneMMIE
modelsbrings0.5%,afterobtainingCN outputthedifferenceis only
0.2%. The final result after 4-fold systemcombinationis 35.0%.
This is an 11% reductionin WER relative to the CU-HTK evalua-
tion resultobtainedon thesamedatasetin 1998(39.5%).

Note that confusionnetwork outputconsistentlyimprovesper-
formanceby about1% absoluteandthat combinationof the4 out-
putsusingconfusionnetwork combination(CNC) is 0.4%absolute
better than using the ROVER approach. Then confidencescores
basedonconfusionnetworksgiveanimprovednormalisedcrossen-
tropy (NCE) of 0.225comparedto 0.145from the 1998CU-HTK
evaluationsystemwhichusedN-besthomogeneitybasedconfidence
scores.

9.5 March 2000 Evaluation Data Results
Table6 lists theevaluationsystemperformanceon theMarch2000
evaluationset.Theperformanceon eval00givesa similar perstage
improvement to that obtainedfor eval98. However the absolute
WER levelsarereducedby about10%absolute.L

Stage Swbd2 CHE Total NCE

P1 31.7 45.4 38.6
P2 25.5 38.1 31.8
P3 22.9 35.7 29.3
P4a 20.9 33.5 27.2 0.294
P4b 21.9 33.7 27.8 0.287
P5a 20.3 32.7 26.6
P5b 21.0 32.8 26.9 0.292
P6a 20.3 32.6 26.5 0.284

P4b+P5b/CNC 20.6 32.4 26.5 0.285
P4a+P6a/CNC 19.5 31.7 25.6 0.278

P4a+P4b+P6a+P5b/CNC 19.3 31.4 25.4 0.271

Table6: % WER andnormalisedcrossentropy on eval00 for each
stageof theCU-HTK Hub5E2000evaluationsystem.

It wasagainfoundthat thereis a fairly consistent1% absolute
reductionin WER from confusionnetworks. A contrast(not shown
in thetable)showedthaton P2theuseof MMIE modelshadgiven
a 2.1% absolutereductionin WER over the correspondingMLE
models. The combinationP4a+P6adenotesa systemwhereonly
MMIE trainedmodelshave beenusedfor decodingwhich yieldsa
result0.9%absolutebetterthanthe correspondingMLE combina-
tion (P5b+P4b).However, theinclusionof theMLE systemoutputs
givesa 0.2%WER absoluteimprovement.Thefinal errorratefrom
the system(25.4%)was lowest in the evaluationby a statistically
significantmargin.

9.6 Pure MLE Contrast
A further run on eval98 wasperformedto investigatethe effect of
usinga combinedMMIE/MLE system.For the resultsin Table7,
MLE modelswereusedto createthelatticesandprovide theadapta-
tion supervision(PureMLE) ratherthanusingMMIE basedmodels
for P2/P3andMMIE generatedadaptationsupervisionfor P4.

ThepureMLE system(MLE modelsin P2/P3andMLE lattices)
performs2.1%absolutepoorerthantheMMIE systemonP2.Com-
paringtheperformanceof MLE modelsin P4b,they are0.7%poorer
thanin theeval setup(MLE modelswith MMIE latticesandadapta-
tion supervision)without confusionnetworksbut only 0.3%poorer

L All participatingsitesfoundthattheeval00datawaseasierto recognise
thanpastHub5evaluationdatasets.



Stage Evaluation PureMLE

P2 42.5 44.6
P3 40.0 42.0

P4a 37.1 -
P4bnoCN 39.0 39.7

P4b 37.9 38.2
P5a 36.2 -

P5bnoCN 38.1 38.7
P5b 37.0 37.3

P4b+P5b 36.5 36.8
P6a 36.0 -

FINAL/CNC 35.0 35.0

Table7: % WER on eval98 for the evaluationsystemanda com-
pletelyseparateMLE model-based(b) branch(pureMLE).

with confusionnetworks. An interestingresultshows thatalthough
thepureMLE branchis poorerthanthemixedMMIE/MLE system
it is still able to contribute to the 4-way combinationby the same
amount. Furthermorewhile the overall performanceof the system
is significantlyenhancedby theuseof MMIE models,thecomplete
pureMLE systemachievesa 36.8%WERon eval98.

10 CONCLUSIONS

This paperhasdiscussedthe substantialimprovementsin system
performancethat have beenmadeto our Hub5 transcriptionsys-
temsincethe1998evaluation.Thelargestimprovementstemsfrom
MMIE HMM training,however theMLE modelsetin their current
configurationwereshown to still work well. Confusionnetworks
wereshown to consistentlyimprove word error ratesandyield im-
proved confidencescores. On the 1998 evaluation set a relative
reductionin word error rate of 11% was obtained. The system
presentedheregave the lowestword error rate in the March 2000
Hub5E evaluation. While the overall systemis complex, a much
simplersetupbasedon the first few passesof the full systemalso
givescompetitive performance.
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